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Abstract
In this thesis, I explore various factors affecting localization accuracy when
the receiver is within one meter of the beacon. First, I test the effects of
Bluetooth Low Energy’s multiple advertising channels on signal strength. I
show that measuring received signal strength separately on each channel en-
ables more accurate localization by compensating for multipath and fading.
I evaluate an ordering algorithm on single channels and show that it is more
accurate than the standard ranking method.
Next, I determine that relative orientation and azimuth affect signal
strength enough that ignoring them leads to substantially lower accuracy.
I propose and evaluate a vector matching algorithm for predicting absolute
distance using knowledge of the orientation and azimuth. I show that knowl-
edge of the azimuth is not necessary if there are multiple receivers.
Finally, I propose future research areas, including more sophisticated
algorithms to further improve the accuracy and efficiency of the system. I
also consider the real-world feasibility of my techniques.
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Indoor localization has been a focus of research in mobile computing for
the greater part of two decades [1]. There are two reasons for this: first,
it is a difficult and alluring problem; second, it is essential to numerous
potential applications. Areas such as universal navigation, mobile robots,
fully automated inventory tracking, workflow optimization, and others would
become practical with good indoor localization. Fortunately, localization
has been solved at a global scale with the aptly named Global Positioning
System (GPS). At small scales, however, localization presents unique and
challenging problems that have thus far prevented any technologies from
reaching mainstream use.
Applications for indoor localization have varying requirements, but in
general they need at least foot-level accuracy, low energy impact, and min-
imal dedicated infrastructure. Certain applications have more stringent
needs, such as centimeter-level accuracy or massive scalability. As mobile
computing has grown, so too has the number of indoor localization systems
that attempt to meet these requirements. To understand why there are so
many different designs, it is useful to first understand the shortcomings of
GPS that prevent it from being the standard for indoor positioning.
Briefly, GPS consists of a constellation of satellites that continuously
transmit their current time and position. A receiver in view of at least four
satellites can use time-of-flight measurements to solve a system of equations
for its current position. This system works well for outdoor navigation by
providing coverage to the entire globe with only 24 satellites, while also
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providing quite reasonable five-meter accuracy [2]. When indoors, however,
a receiver is unlikely to have line of sight to any satellites unless it is near a
window. On top of that, an error radius of five meters cannot even guarantee
placing the receiver in the correct room, let alone finding its position within
the room. Finally, GPS is not particularly power efficient because receivers
must communicate with satellites more than 20,000 kilometers away [3].
Because GPS is unsuitable for indoor localization, other solutions are
needed that can meet the basic requirements outlined above. Luckily, al-
ternative systems have been researched and developed that can make use
of today’s powerful mobile devices, accurate sensors, and ubiquitous wire-
less access points. Each of the systems focuses on different applications and
therefore makes different tradeoffs to achieve its goals. Chapter 2 summarizes
and compares several of these systems.
As discussed previously, many applications require solutions that con-
sume very little power. For example, inventory tracking systems may need to
run for weeks or months on small coin cell batteries with capacities as low as
100 mAh. A natural technology to accomplish this is Bluetooth Low Energy
(BLE), which was designed for these very low power devices. One common
BLE localization technique is to use non-connectable transmitters, known
as beacons, that advertise their presence periodically. Receivers can then
estimate their distance to each beacon by using Received Signal Strength In-
dicator (RSSI) measurements. Once a receiver knows its distance to multiple
beacons, it can calculate its position using trilateration.
However, RSSI distance estimation tends to be less accurate in BLE com-
pared to other wireless technologies due to the way its advertisements work.
BLE beacons advertise on three different channels — 37, 38, and 39 — which
are centered at non-contiguous frequencies. The frequencies are specifically
chosen such that they fall outside the standard Wi-Fi channels 1, 6, and 11
(see Figure 1.1). The benefit of this setup is that it increases the chances
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Figure 1.1: BLE channels relative to Wi-Fi. Advertising channels 37, 38,
and 39 are centered at 2402, 2426, and 2480 MHz respectively. [5]
of at least one advertising channel having favorable conditions with little in-
terference. The drawback, however, is that the channels have different RSSI
due to their different propagation characteristics (see Figure 1.2). Devices
typically report the RSSI of the most recent advertisement, which violates
most localization algorithms’ assumption that RSSI represents a single fre-
quency. Other algorithms attempt to smooth the measurement by using a
moving average, but this results in an artificial RSSI that could be skewed
by one of the channels. For this reason, BLE is typically only used for coarse
proximity detection, i.e., whether the beacon is very close, somewhat close,
or far away, rather than absolute distance measurement [4]. These proximity
indicators are useful in certain applications, but not for accurate positioning.
An issue that is not specific to BLE is that antennas do not broadcast
at the same power in every direction. Rather, different types of antennas
have different propagation models, and those models are further distorted
by nearby radiators and the environment. Multiple receivers at the same
distance from a beacon, therefore, may measure different RSSI from the same
advertisement if they are oriented differently. The relative orientations and
positions of the receiver and beacon affect RSSI, even at the same distance.
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Figure 1.2: Reported RSSI of one beacon advertising on three channels. Note
the periodicity and the three relatively distinct levels.
One way of working around these inaccuracies is by determining the rel-
ative order of beacons rather than their absolute distances. Beacon order is
still useful in many situations, such as automatically updating supermarket
or vending machine signage based on which products are restocked, or up-
dating a smartphone workout app based on which gym machine the user is
on. The closest beacon is often the one with the strongest RSSI, but not
always due to the variables described above. Even so, ordering is generally
easier than absolute distance estimation because it can tolerate a degree of
noise, assuming certain device spacing requirements are met.
My contribution with this thesis is to show that by taking into account
orientation and the natural differences between advertising channels, BLE
localization can achieve accuracy on the order of ten centimeters or better.
Using channel information, algorithms can take multipath and other vari-
ations into account by identifying noisy channels and outliers. They can
also use orientation measurements to normalize RSSI measurements across
devices, allowing them to be compared. Distributed algorithms could even
further improve accuracy by comparing localization data across many re-




The main purpose of RSSI is to approximate a wireless network’s signal
strength, especially as a visual user indicator (see Figure 2.1). As specified
in IEEE 802.11 §18.2.3.3, RSSI can be reported in arbitrary units as long as
higher values correspond to stronger signals [7]. In practice, it is common for
RSSI to be reported in decibel-milliwatts (dBm), where less-negative values
correspond to stronger signals. Although any use of RSSI other than as an
indicator of signal quality is technically outside its specifications, research
over the years has found ways to stretch it beyond its intended purpose.
Early attempts to realize indoor localization relied heavily on RSSI mea-
surements to directly calculate distance using free-space path loss models. As
early as 2000, systems such as RADAR used RSSI to triangulate users [1].
However, RSSI is only loosely correlated with distance, even if the trans-
mitter’s and receiver’s characteristics are known [4]. There are countless
variables that can introduce significant noise into RSSI measurements, such
as multipath, fading, interference, orientation, and even weather. In addi-
Figure 2.1: An example user-facing Wi-Fi signal strength indicator [6]
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tion, RSSI can vary due to small environmental changes, which reduces the
effectiveness of calibration.
Another system, Horus, is able to improve accuracy by modeling RSSI
variations, but it requires extensive calibration effort [8]. CUPID attempts
to eliminate multipath by detecting the angle and RSSI of only the direct
path to the access point, but it requires multiple antennas and is inaccurate
when there is no direct path [9].
EZ is a method that uses Wi-Fi RSSI to build a model of the environment
without requiring initial calibration [10]. It records RSSI measurements as
the user moves, building up a remote database of signal strength data along
with infrequent GPS acquisitions to reset the error. A genetic algorithm
models this mapped signal strength data and uses the current measurements
to localize the user. However, again, EZ has limited accuracy due to its as-
sumption of a close and predictable relationship between RSSI and distance.
To avoid the inaccuracies of RSSI, later attempts focused on using data
from many different kinds of sensors to construct a single model. For ex-
ample, Zee uses crowdsourced inertial measurements and Wi-Fi fingerprints
to eliminate the need for calibration overhead [11]. It relies less on RSSI
as a measure of distance and more as a coarse vicinity indicator. Inertial
measurements provide finer-grained localization between access points using
dead reckoning.
In a similar vein, UnLoc uses a combination of multiple sensors and
infrequent GPS fixes to limit drift error from dead reckoning [13]. RSSI
is just one of a number of other data points collected, including from the
magnetometer, accelerometer, and gyroscope. The UnLoc system then uses
these to detect landmarks such as nearby Wi-Fi access points, structural
steel and other large metal objects, stairs, elevators, etc. (see Figure 2.2).
Between landmarks, the user is located using inertial measurements similar
to Zee.
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Figure 2.2: Examples of landmarks detected by UnLoc [12]
Both Zee and UnLoc’s techniques achieve somewhat better accuracy than
pure RSSI trilateration, but they are still only accurate to roughly one meter.
Meter- or half-meter accuracy is a common theme in many systems ([1], [8]–
[11], [13]–[15]). While this works well enough for localizing a user within a
room, it is not precise enough for other applications. Some require accuracy
on the order of centimeters, such as tracking individual products on a store
shelf. Fortunately, there are other strategies using RSSI that can provide
such precision.
Systems such as Smart LaBLEs sidestep the complex relationship be-
tween RSSI and distance by using RSSI to only determine the relative order
of nearby tags rather than the device’s absolute distance to them [16]. Rela-
tive order is useful in a number of applications where the device cares about
which object the user is interacting with, not necessarily the distance to the
object. For example, a user may want their device to track how long they
spend on each gym machine, or a store may want its signage to update au-
tomatically based on which products are currently stocked (see Figure 2.3).
Smart LaBLEs measure the short-term average RSSI of BLE beacons af-
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(a) A tagged product
(b) Products being detected by Smart
LaBLEs
Figure 2.3: The Smart LaBLE system [16]
fixed to objects and then rank the averages, with the highest average being
considered the closest. This system can detect the closest beacon within
centimeters with high accuracy, as long as the tags are separated by at least
twice the distance from the receiver to the first tag [16]. However, Smart
LaBLE’s RSSI smoothing does not account for the different advertising chan-
nels or for orientation, both of which can significantly increase error at this
range.
One of the issues with BLE RSSI in particular is that because it advertises
on three separate channels, fading and multipath on one or more of the three
advertising channels could skew the averages by several dBm. This translates
directly to a loss of precision in distance estimation or inversions in device
order predictions, depending on the system being used. This is primarily
an issue with beacons that are only tens of centimeters apart because the
noise in their RSSI becomes too great; at greater distances, the RSSI is
separated enough to be somewhat noise tolerant. Some research has been
done to smooth raw RSSI readings ([15], [17], [18]), but none of it solves the
underlying problem of using three distinct advertising channels.
A more general issue with using RSSI is that it can vary significantly
depending on the orientation of the devices. Antennas, particularly those in
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consumer devices, do not have perfect spherical propagation models. This
asymmetry affects RSSI enough that it can drastically change estimations
at close range [19]–[21].
In my thesis, I explore the effects that multiple advertising channels and
device orientation have on RSSI-based localization. Most BLE implemen-
tations average RSSI measurements across all three advertising channels, or
they report the RSSI for whichever one of the three is being used at the time
of measurement. They also ignore orientation of the antennas. By measuring
RSSI separately for each channel and accounting for orientation, devices can
reduce noise significantly by controlling for the major variables that affect
RSSI at small scales.
This technique would be useful to many indoor localization schemes that
make use of BLE RSSI. Taken as a whole, it is most beneficial to systems like
Smart LaBLEs which use RSSI to detect the order of beacons at very close
range. The technique could also be used in a distributed system as a way of
compensating for multipath in systems that use RSSI to measure distance.
Measuring RSSI across three channels and comparing between devices would
be useful in many different systems compared to the typical single-channel




As discussed in the previous chapter with respect to Smart LaBLEs, it is
easier and often just as useful to determine the relative order of beacons
rather than their absolute distances. In this chapter, I investigate the ef-
fects on accuracy and efficiency of ordering when using single-channel RSSI
compared to the standard three-channel RSSI.
The experimental setup consists of four Nordic nRF51 Dongles (Fig-
ure 3.1) mounted on the outside of a PVC pipe and connected via USB 3.0
cables to a hub. I chose to use USB 3.0 cables due to their superior shield-
ing, which decreases the chance of noise being introduced into the readings.
The dongles themselves still operate at the lower USB 2.0 speeds, which are
less likely to cause interference in the 2.4 GHz band. Each of the dongles is
spaced 20 cm apart and is oriented the same way (facing outward) to avoid
orientation factoring into the results. On a bar suspended below the left-
most dongle is a Seeed Tiny BLE receiver (Figure 3.2), which can be raised
or lowered to test various distances. Figure 3.3 shows a photo of the full
Figure 3.1: Nordic nRF51 Dongle [22]
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Figure 3.2: Seeed Tiny BLE [23]
Figure 3.3: Four beacons, spaced 20 cm, and a receiver
setup.
I will evaluate my solution based on the predicted order accuracy, the
RSSI standard deviation, and the packet loss rate. The average RSSI for
each beacon during a test can be ranked, providing a predicted order that
I will compare with the actual order to determine overall accuracy. The
RSSI standard deviation measures the stability of the measurements, which
I will use to show that channel filtering is an improvement over standard
three-channel advertising. Packet loss rates can indicate channel congestion
as well as the receiver and transmitter being on different channels, so I will
use it to evaluate the power and bandwidth efficiency of the solution.
3.1 Scan intervals, three channels
In the scan interval tests, the receiver listened with various scan window
durations: 20, 50, 80, 100, 150, 250, and 500 ms. The scan interval was set
to the same value as the scan window to avoid missing any packets. Three
dongles advertised on all three channels in this section. The closest dongle
was at a distance of 10 cm to the receiver.
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(a) Scan interval 250 ms

















(b) Scan interval 500 ms
Figure 3.4: RSSI of three beacons advertising on three channels
I found that all the scan intervals had a similar three-level RSSI fluctu-
ation pattern, with the shorter intervals having a shorter period. Compare
Figures 3.4a and 3.4b. According to the mbed BLE API documentation,
this is because the receiver listens on a single advertising channel for the du-
ration of each scan interval, then switches to the next channel. Meanwhile,
each beacon transmits on all three channels in quick succession each adver-
tising interval (explained in more detail in [16]). Therefore, every advertising
interval, the receiver records the RSSI of whichever channel it is currently
listening on.
I also found that the scan intervals faster than the advertising interval
had higher packet loss rates (see Figure 3.5). This could potentially be due
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Figure 3.5: Packet loss for various scan intervals, advertising on three chan-
nels
to switching overhead because the nRF51822’s PHY cannot switch channels
instantaneously. At scan intervals longer than the advertising interval, the
loss rate appeared to reach a floor of approximately 6.38%. I believe this
should be true of all scan intervals greater than the advertising interval plus
10 ms to account for the random jitter time added to each advertising interval
in BLE.
Interestingly, the average loss rate was 32% lower than in baseline testing.
This may be due to environmental changes between the experiments.
3.2 Scan intervals, one channel
For single-channel scan interval testing, the receiver listened with a sequence
of scan window durations while the four dongles each advertised on the same
single channel. I repeated this for all three individual advertising channels.
Finally, I repeated it on all three channels at the same time. In each test,
the closest dongle was 10 cm from the receiver.
Changing the scan interval on a single channel had no significant effect
on the loss rate in any of the tests. See Figure 3.6. Each individual channel
had a constant loss rate of roughly 80%. Because the receiver only listens on
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Figure 3.6: Packet loss for various scan intervals, advertising on single chan-
nels and then all three
the correct channel one third of the time, the loss rate should be no less than
66.7% plus a roughly 6–10% loss as seen in previous tests. The observed loss
was slightly higher than expected.
However, the loss rate when transmitting on all three channels was much
higher than expected. From previous tests, it should have been roughly 6–
10%; instead, it was stable around 44% in all tests. I am unsure why there
is such a large discrepancy, other than potentially a methodological mistake.
It may be possible that the beacons were only advertising on two of the three
channels, with an expected loss of 33+ 10 = 43%. In any case, more testing
should be done to determine why this occurred.
3.3 Baselines
In the baseline testing, I shuffled the dongles by hand to collect RSSI mea-
surements for all 24 permutations. This eliminates any potential hardware
variations between dongles. In each test, the closest dongle was 10 cm from
the receiver.
I found that each tag’s RSSI varied periodically over roughly three values
14




















Figure 3.7: RSSI of four beacons advertising on three channels
(e.g. Figure 3.7). This accounted for the majority of the variance in the RSSI.
As shown in my later results, this is due to the three advertising channels’
characteristics causing different attenuation. The small amount of remaining
variance is most likely due to other factors such as fast fading.
The closest beacon was detected correctly in all 24 baseline tests by
simply taking the average RSSI over the duration of the test. This closely
reflects the accuracy of the Smart LaBLE system, which had a false detection
rate of approximately 1% [16]. The accuracy dropped off quickly, however,
with the second beacon being detected correctly only 12.5% of the time, and
the other two beacons never being detected correctly. Judging by this result,
averaging RSSI over three channels at a receiver distance of half the inter-tag
distance can only reliably detect the closest beacon.
Interestingly, the RSSI standard deviation was higher for the closest two
beacons than for the farthest two beacons: for the first, it was 4.08; second,
5.64; third, 2.90; and last, 1.41. This could potentially show that discrepan-
cies between advertising channels are more pronounced for closer beacons.
The packet loss rate generally increased with beacon position, with the
exception of the farthest beacon, which had the smallest loss. The average
loss across all positions was 9.45%. See Figure 3.8.
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Figure 3.8: Packet loss rate at each position, advertising on three channels
3.4 Distances, one channel
For distance testing, all of the dongles advertised on the same single channel
for each advertising channel and for various receiver distances.
The loss rate for all channels was roughly constant, averaging 69.9%. This
is slightly lower than the expected single-channel loss, calculated in Section
3.2, but is higher than the minimum possible loss of 66.7%. I observed that
the loss rate increased very slightly with distance, and the standard deviation
also increased with distance.
The average of the standard deviations across all distance tests and bea-
cons was 0.29, much lower than the baseline standard deviations. As opposed
to the baseline test, the standard deviations tended to increase with the bea-
con order: for the first, 0.18; second, 0.27; third, 0.36; and fourth, 0.34. The
standard deviation also generally increased with the distance between the
first beacon and the receiver: see Figure 3.9. Combined with the results
from the baseline testing, this may indicate that closer beacons have more
stable RSSI on a single channel, but the channels themselves have more
separated RSSI values.
Indeed, in individual tests, the standard deviation was much lower than
during the baseline tests. Compare Figures 3.7 and 3.10. Rather than cycling
periodically between three distinct values, the RSSI remains quite stable for
the duration of the test.
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Figure 3.9: Standard deviation of RSSI at various distances, advertising on
one channel


















Figure 3.10: RSSI of four beacons advertising on one channel
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To evaluate the accuracy of the single-channel method, I use a simple
voting system given in Algorithm 3.1. For each position p, the algorithm
assigns a tally to whichever beacon has the pth highest RSSI on each channel.
In case of a tie, both beacons receive a tally. Then the beacon with the
most tallies at a given position is predicted to occupy that position. If one
position is inconclusive (i.e., no beacon has the most tallies), but the other
three positions are known, the unknown one is inferred to be occupied by
the remaining beacon.
Algorithm 3.1 A voting system with inference
O ← {−1,−1,−1,−1}
R = {1, 2, 3, 4}
S = {}
for pos ∈ {1, 2, 3, 4} do
T ← {0, 0, 0, 0}
for ch ∈ {37, 38, 39} do
b← GetBeaconAtRank(pos, ch)
Tb ← Tb + 1
end for
if max T < 2 then
insert pos into S
continue
end if
Opos ← argmax T
remove Opos from R
end for





Using this voting system, the closest beacon was correctly identified in
all tests. See Figure 3.11 for the RSSI on each channel. The second closest
beacon was correctly identified in the 2.5, 5, and 50 cm tests, the third in
the 2.5 and 10 cm tests, and the fourth in the 2.5 cm test. As is clear
from Figure 3.12, the system was able to correctly predict every position for
distances up to one quarter the inter-tag distance, but it could only predict
the closest beacon at larger distances. This shows that detecting more than
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(a) Channel 37 (b) Channel 38
(c) Channel 39
Figure 3.11: Average RSSI of four beacons advertising on one channel
Figure 3.12: Predicted order of four beacons using Algorithm 3.1
just the closest beacon requires maintaining an environment where the inter-
tag distance is at least four times the distance to the first beacon.
Recall from Section 3.3 that ordering without channel data is able to
predict the closest beacon every time, but it is rarely able to predict the
second beacon and never predicts the third or fourth ones. Comparatively,
the voting algorithm I have described is better able to distinguish beacons





Previous research has established that RSSI depends not only on distance but
also orientation ([19]–[21]). I hypothesize that for a beacon and receiver at
arbitrary locations on a plane, the RSSI depends primarily on their relative
distance, orientation, and azimuth.
First, imagine a system with one receiver and one beacon. (An imagina-
tive aid is provided in Figure 4.1.) Relative to the receiver, the entire system
can be expressed in three variables: the beacon’s radius r, azimuth φ, and
orientation α. Radius is, naturally, the distance between the antennas. Az-
imuth is the angular coordinate of the beacon’s position (equivalent to its
angle of arrival at the receiver), while orientation is the angle between the
directions the beacon and receiver face. For a given combination of these
three variables, ignoring environmental effects, the RSSI of advertisements
from the beacon should be identical. Therefore, measuring the RSSI of each
advertising channel at every combination of the three variables provides a
model that can be matched against measurements from unknown positions.
In this chapter, I analyze the effects each of these factors has on RSSI.
To reduce potential noise and enable more flexible placement than the USB
dongles, I used Nordic nRF51822 Smart Beacons as the transmitters (Fig-
ure 4.2). As in Chapter 3, I used a Seeed Tiny BLE as the receiver (Fig-
ure 3.2). In each test, the beacons advertised on all three channels at 100 ms
intervals. The receiver had both a receive interval and window of 500 ms
(i.e., 100% duty cycle).







Figure 4.1: A beacon B and its three parameters r, φ, and α with respect to
a receiver R, on a plane. In this example, r = 3.5 cm, φ = 45°, and α = 90°.
The beacon is pointing west, and the receiver is pointing north. Antenna
locations are marked.
Figure 4.2: Nordic nRF51822 Smart Beacon [24]
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Figure 4.3: Eight beacons pointing north, arranged radially every 45°
which channel an advertisement was received on. This information is not ex-
posed by the mbed BLE API, but it is available by reading the nRF51822’s
frequency register in the receive callback. The benefit of this is that the
beacon can advertise on all three channels as normal, and the receiver does
not suffer from the negative effects associated with single-channel adver-
tisements: packet loss, synchronization, long switching times, etc. In both
this chapter and Chapter 5, all channel information is extracted using this
method.
4.1 Radius
Although the effect of distance on RSSI is well known, I verified the effect
myself. In this setup, I arranged eight beacons radially around a receiver at
45° increments, all pointed north. See Figure 4.3. I measured the RSSI at
each receiver orientation in 45° increments, as well as at radii of 10 cm to
50 cm in increments of 10 cm. For each radius, I then averaged the results
across orientations and azimuths.
Figure 4.4 shows the results. As expected, the RSSI decreased inversely
22




















Figure 4.4: RSSI of eight beacons at 10 cm radial increments, averaged across
orientations and azimuths
with radius, flattening out as the percent change between radii approached
zero. Interestingly, the difference in dBm between the three channels was
maintained fairly constantly across each radius. Channel 38 was about 1
dBm stronger than channel 37 at each radius, while channel 39 was roughly
6–8 dBm weaker. This could indicate that channel 39 was experiencing
narrow-band fading in this test compared to the other two channels.
4.2 Orientation
To test the effects of orientation, I measured the RSSI of one beacon at
various orientations in 22.5° increments. The beacon and receiver were 20 cm
apart. See Figure 4.5.
The results are shown in Figure 4.6. I found that the RSSI was rather
periodic, with two peaks at 67.5° and 292.5°, and two troughs at 0° and
157.5°. There are a few interesting features of the graph besides the expected
periodicity. First, the peaks and troughs were asymmetric, especially on
channel 39. Second, they were 225° apart, not 180°. These two features
indicate the presence of slightly irregular lobes in the propagation model of
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Figure 4.5: Orientation setup with one beacon at 20 cm

















Figure 4.6: RSSI of one beacon at 20 cm, rotated every 22.5°
the beacon’s antenna. Last, the peaks and troughs lined up across channels
(although channel 38 had a very shallow central trough; this did not occur
in later tests). This indicates that the variation was mostly caused by the
beacon itself rather than the environment, which would tend to distort the
frequencies differently. Overall, this test shows that orientation affects RSSI
in a hardware-specific way.
4.3 Azimuth
For this experiment, I arranged eight beacons radially around a receiver at
45° increments and a 50 cm radius. The beacons were all pointed north.
I measured the RSSI at each receiver orientation in 45° increments. The
24


















Figure 4.7: RSSI of eight beacons at 50 cm every 45°, averaged across orien-
tations
setup was almost identical to Figure 4.3 except without varying the radius.
Because the radius and orientation are constant for a tag at a given azimuth,
the RSSI can be averaged across all tests for each azimuth. That is, the RSSI
of the tag the receiver is pointing to should be consistent between tests, even
though the specific tag it is pointing to changes each time.
Figure 4.7 shows the signal strength on each channel at each relative
azimuth. Notice that it has important similarities to Figure 4.6: there are
two sets of asymmetric peaks and troughs that are not 180° apart and are
aligned across channels. Similar to orientation, when the beacon is at dif-
ferent azimuths, the receiver will measure different points in the beacon’s
propagation lobes, which leads to the periodicity. As with the previous sec-
tion, this shows that the beacon’s azimuth affects RSSI and is dependent on




When working with orientations and azimuths, it is critical to carefully define
the reference frame so that measurements can be compared correctly. In this
chapter, I will define the prediction model’s reference frame with respect to
the receiver rather than the local environment. This allows the calculations
to be expressed more naturally in polar coordinates, although it does require
converting absolute orientation measurements into the receiver’s reference
frame. Converting results back to a local reference frame is simple.
To be able to predict the position of a beacon, one method is to compare
a measurement against a calibration dataset and determine which position
most closely matches the measurement. As found in the previous chapters,
the model should take into account not only the positional parameters (radius
and azimuth) but also the orientation and channel. In this chapter, I propose
and evaluate a model that uses knowledge of two position variables to find
the third by least-squares. It represents RSSI as vectors in R3 to account for
the three advertising channels.
Let x = 〈RSSI37,RSSI38,RSSI39〉 be a measurement vector at known
azimuth φ, known orientation α, and unknown radius r. Let m(r′, φ, α) be a
model that returns the previously measured vector for the given parameters.
Then r can be predicted using least-squares by
r̂ = argmin
r′∈R
‖x−m(r′, φ, α)‖2 (5.1)
where R is the set of radii in the model. Azimuth and orientation can be
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predicted similarly using knowledge of the remaining two variables:
φ̂ = argmin
φ′∈Φ
‖x−m(r, φ′, α)‖2 (5.2)
α̂ = argmin
α′∈A
‖x−m(r, φ, α′)‖2 (5.3)
In this experiment, I collected data for the model using the same setup
shown in Figure 4.3. All eight beacons were oriented north in each test.
For each radius from 10 to 50 cm at increments of 10 cm, I collected data
at each receiver orientation at 45° increments. Therefore, each test yields
eight model vectors: one for each azimuth at the current radius and receiver
orientation. Overall, there are 8 orientations × 8 azimuths × 5 radii = 320
model vectors, which are provided in Table A.1 (in Appendix A).
5.1 Accuracy knowing two variables
I will evaluate the model by using it to predict the variables in my previously
collected data; specifically, the data collected in Section 4.3. Figures 5.1
to 5.3 show the results of the prediction. In each case, I provided the model
with two of the variables and use it to predict the third.
When predicting the radius, the model was exactly correct 70.31% of the
time, and it was within 10 cm 87.50% of the time. As expected, the error
rate decreased substantially as the absolute error increased, so the model
was almost never 30 cm wrong and was never 40 cm wrong. Note that the
error was always negative because the data being predicted was collected at
50 cm, which was also the maximum radius of the model.
The azimuth was predicted correctly 60.94% of the time, and it was
within ±45° 73.44% of the time. Interestingly, the incorrect azimuths were
predicted at mostly the same frequency except for 180°. This indicates that
the model very rarely predicted the completely opposite azimuth, and it
usually predicted the right one, but there was some bias in the intermediate
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Figure 5.1: Radius prediction accuracy given orientation and azimuth





















Figure 5.2: Azimuth prediction accuracy given radius and orientation
angles that should be addressed to improve accuracy.
The least accurate prediction was orientation, which was correct only
45.31% of the time, and within ±45° 62.50% of the time. Unlike the azimuth,
180° was the most common error, and the rest were fairly constant besides
90°. This result may indicate a flaw with my definition of relative orientation.
Recall that I define the relative orientation as the difference in absolute
orientations between the beacon and receiver, i.e., if all of the beacons point
north, they all have the same orientation. However, it may be more accurate
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Figure 5.3: Orientation prediction accuracy given radius and azimuth
to define it as the difference between the beacon’s absolute orientation and
the receiver’s position, i.e., if all of the beacons point toward the receiver,
they all have the same orientation. This would more accurately represent
the beacon’s propagation model, but it does not account for the receiver’s
reception model. It would also require better knowledge of the receiver’s
position.
To verify that knowledge of some variables is indeed necessary, I also
tested the accuracy without using knowledge of any variable. I modified
the model to return the average vector across two of the three variables,
and predicted the third. The results are shown in Figures 5.4 to 5.6. It
is clear from the charts that the accuracy is vastly reduced without some
measurements to hone the prediction: the radius was only 48.44% correct,
azimuth 20.31%, and orientation 12.5%.
5.2 Accuracy knowing only orientation
To achieve localization, systems can generally choose between triangulation
and trilateration. Triangulation using this model requires predicting the
azimuth, while trilateration requires the radius. Recall that predicting the
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Figure 5.4: Radius prediction accuracy with no knowledge



















Figure 5.5: Azimuth prediction accuracy with no knowledge






































Figure 5.7: Example radius predictions with knowledge of orientation only
azimuth requires knowing both the orientation and radius — but measuring
the radius directly is exactly what localization systems struggle with. Pre-
dicting the radius requires knowing both the orientation and azimuth, but
measuring the azimuth requires an antenna array, which is usually infeasi-
ble for commodity hardware. In either case, measuring the orientation is
comparatively simple using a magnetometer (although that is not without
problems [25]).
It would therefore seem that this prediction model is impractical. How-
ever, consider that solely using knowledge of one of the variables, the model
can predict the third variable across all values of the second one. The result
is essentially a contour line of predicted values.
Applying this to predicting distance, the result is a predicted radius
for each potential azimuth, as in Figure 5.7. This example chart shows
the contour of which radius is most likely assuming the beacon is at each
azimuth. Note that it often does not correctly predict that the beacon was
at 50 cm, but that is to be expected as seen in Figure 5.4.
With only one receiver, this technique simply provides a range of possible
radii, where the most common result might be considered the most likely;
however, with multiple receivers, the intersection of their respective contour
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lines represents the most likely absolute location of the beacon (i.e., radius





At close range, traditional RSSI localization using BLE is susceptible to sig-
nificant variance in the measurement for two main reasons: orientation and
multiple advertising channels. The main takeaway from this thesis is that
RSSI-based localization systems can improve their accuracy by considering
these factors. They should not ignore device orientation, nor should they
assume that different advertising channels have similar RSSI.
I have proposed and evaluated methods of obtaining better RSSI mea-
surements by taking these factors into account. I showed that a voting
algorithm on single channels is more accurate than the baseline, but I be-
lieve it can be further improved by better leveraging the extra channel data.
I further showed that three positional factors affect RSSI enough to warrant
careful consideration in close-range localization systems: radius, azimuth,
and orientation. I evaluated a prediction model that uses orientation and
azimuth measurements to predict the radius with 88% accuracy, compared
to only 48% accuracy without the measurements.
The techniques I have proposed work using commodity hardware, stan-
dard BLE, and channel data that is already made available by the nRF51822
MAC. The only extra required hardware is a magnetometer, which is already
common in most devices and is becoming increasingly prevalent due to the
falling price of inertial measurement units (IMUs). More sophisticated hard-
ware, e.g. with antenna arrays, can be even more accurate by incorporating
measured azimuthal data rather than predicted values.
There are several interesting areas of future research that can extend my
33
findings. First, my proposed prediction model could be made more accurate
by collecting data in a controlled environment and at more granular orien-
tations, azimuths, and radii. Alternatively, or in addition, the model could
use interpolation rather than discrete vectors. A caveat to this is that most
of the error in the model comes from aliasing between vectors, i.e., vectors
at different points on the curve that are very similar to each other. Aliasing
may actually make interpolation perform worse than the discrete model.
Second, the time-intensive model calibration process could be amelio-
rated using the real-time calibration techniques in EZ and Zee ([10], [11]) or
by using a simulated propagation model.
Third, the idea of ordering rather than determining absolute distance,
explored in Chapter 3, could be augmented by normalizing for the beacon’s
orientation and azimuth. This could improve the voting algorithm’s accuracy
and make it possible to correctly order beacons that are very close together,
even if they do not adhere to the required geometry.
Finally, the use of multiple receivers would enable true localization using
trilateration. It could also improve accuracy by comparing measurements
and finding the best fit solution, as well as by filtering out multipath and
outliers using the extra data. Furthermore, it would enable cheaper devices
to localize beacons without the hardware necessary for measuring angle of
arrival.
Overall, the techniques I have described have the potential to greatly
improve indoor localization accuracy at very close distances. They could
enable positioning to be applied to areas that are currently infeasible, such
as tracking individual products on a store shelf, or determining which item
on a desk the user is currently interacting with. Indoor localization needs
not be limited to coarse positioning within a building or room.
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Table A.1: RSSI on three advertising channels at various relative positions
RSSI (dBm)
Radius (cm) Orient. (°) Azim. (°) Ch. 37 Ch. 38 Ch. 39
10 0 0 −50.2 −49.1 −55.9
10 0 45 −60.5 −63.6 −73.0
10 0 90 −47.0 −46.0 −54.0
10 0 135 −45.1 −44.0 −49.0
10 0 180 −42.1 −41.8 −46.0
10 0 225 −42.0 −41.0 −46.2
10 0 270 −41.5 −41.0 −45.0
10 0 315 −43.0 −42.0 −46.0
10 45 0 −44.0 −42.9 −47.9
10 45 45 −52.0 −50.5 −59.0
10 45 90 −46.0 −45.0 −52.0
10 45 135 −43.0 −42.0 −49.0
10 45 180 −41.0 −41.0 −42.0
10 45 225 −45.2 −45.0 −54.0
10 45 270 −41.9 −41.0 −46.0
10 45 315 −42.0 −41.0 −46.0
10 90 0 −42.0 −41.0 −47.0
10 90 45 −45.0 −43.0 −49.2
10 90 90 −45.0 −44.0 −50.0
10 90 135 −42.0 −42.0 −48.0
10 90 180 −41.9 −41.0 −44.0
10 90 225 −45.0 −45.0 −55.0
10 90 270 −45.0 −45.0 −54.0
10 90 315 −42.0 −41.3 −47.6
10 135 0 −42.0 −41.0 −46.0
10 135 45 −45.0 −44.0 −52.0
10 135 90 −43.0 −42.0 −48.0
10 135 135 −44.0 −43.0 −49.1
10 135 180 −42.0 −41.0 −46.0
10 135 225 −45.0 −44.0 −52.0
10 135 270 −44.0 −43.5 −51.0
10 135 315 −49.2 −48.7 −55.0
10 180 0 −49.0 −48.0 −53.0
10 180 45 −47.0 −45.0 −53.0
10 180 90 −43.0 −42.0 −50.0
10 180 135 −44.0 −43.0 −50.0
10 180 180 −47.0 −46.0 −51.7
10 180 225 −42.9 −42.0 −48.6




Radius (cm) Orient. (°) Azim. (°) Ch. 37 Ch. 38 Ch. 39
10 180 270 −45.1 −45.0 −52.0
10 180 315 −44.0 −42.1 −48.8
10 225 0 −45.0 −44.0 −49.0
10 225 45 −55.6 −55.0 −61.3
10 225 90 −45.0 −45.0 −54.0
10 225 135 −42.1 −41.0 −49.0
10 225 180 −42.0 −41.0 −44.0
10 225 225 −42.0 −41.0 −46.0
10 225 270 −45.0 −44.0 −51.0
10 225 315 −45.0 −44.0 −50.6
10 270 0 −45.0 −45.0 −51.0
10 270 45 −51.9 −50.0 −55.0
10 270 90 −60.0 −56.9 −65.0
10 270 135 −42.0 −41.0 −45.0
10 270 180 −42.0 −41.0 −45.0
10 270 225 −41.1 −41.0 −43.0
10 270 270 −45.0 −44.0 −50.0
10 270 315 −45.0 −44.0 −50.0
10 315 0 −45.0 −44.0 −50.3
10 315 45 −54.0 −54.0 −61.1
10 315 90 −49.0 −48.0 −55.0
10 315 135 −47.0 −47.0 −53.0
10 315 180 −41.0 −41.0 −43.0
10 315 225 −41.0 −41.0 −45.0
10 315 270 −42.0 −41.0 −45.0
10 315 315 −45.0 −43.0 −48.9
20 0 0 −57.0 −55.2 −65.7
20 0 45 −67.5 −67.0 −67.0
20 0 90 −66.0 −64.6 −73.0
20 0 135 −61.4 −58.0 −64.5
20 0 180 −63.0 −61.9 −63.0
20 0 225 −47.7 −45.0 −54.9
20 0 270 −50.0 −50.0 −60.0
20 0 315 −50.0 −48.6 −55.0
20 45 0 −51.1 −50.0 −59.0
20 45 45 −60.3 −61.3 −72.1
20 45 90 −60.5 −54.3 −62.4
20 45 135 −58.1 −55.0 −65.0
20 45 180 −46.0 −45.0 −52.0
20 45 225 −48.0 −46.0 −55.0
20 45 270 −53.0 −49.0 −59.0
20 45 315 −52.0 −51.0 −60.0
20 90 0 −51.0 −50.1 −60.0
20 90 45 −55.0 −55.0 −67.0
20 90 90 −67.0 −60.0 −65.0
20 90 135 −55.0 −53.1 −59.5
20 90 180 −49.0 −48.0 −56.0
20 90 225 −50.0 −48.0 −59.0
20 90 270 −54.1 −54.0 −66.0
20 90 315 −53.0 −50.0 −59.9
20 135 0 −55.4 −53.1 −65.0
20 135 45 −52.0 −54.0 −67.0




Radius (cm) Orient. (°) Azim. (°) Ch. 37 Ch. 38 Ch. 39
20 135 90 −54.5 −53.9 −61.9
20 135 135 −60.3 −58.0 −63.0
20 135 180 −51.0 −52.0 −59.0
20 135 225 −61.3 −62.5 −66.0
20 135 270 −60.0 −56.3 −64.8
20 135 315 −55.0 −55.0 −64.1
20 180 0 −65.1 −63.0 −74.2
20 180 45 −58.0 −55.2 −67.9
20 180 90 −55.0 −54.3 −64.1
20 180 135 −45.0 −45.0 −50.6
20 180 180 −55.0 −55.0 −60.0
20 180 225 −55.0 −51.0 −58.2
20 180 270 −56.7 −55.0 −66.1
20 180 315 −56.7 −55.0 −60.0
20 225 0 −62.1 −65.0 −67.0
20 225 45 −60.6 −62.1 −71.0
20 225 90 −53.1 −51.0 −60.9
20 225 135 −52.0 −51.0 −60.9
20 225 180 −49.0 −49.9 −54.3
20 225 225 −52.3 −50.0 −56.0
20 225 270 −66.3 −56.0 −64.7
20 225 315 −60.1 −55.0 −67.0
20 270 0 −58.0 −55.0 −66.0
20 270 45 −55.0 −54.1 −66.0
20 270 90 −57.0 −56.0 −63.0
20 270 135 −51.0 −53.6 −60.0
20 270 180 −47.0 −47.0 −55.9
20 270 225 −50.0 −45.8 −55.0
20 270 270 −63.4 −61.6 −67.0
20 270 315 −55.1 −52.0 −59.0
20 315 0 −58.4 −59.9 −65.0
20 315 45 −61.0 −60.0 −67.1
20 315 90 −55.0 −55.0 −60.3
20 315 135 −58.0 −57.1 −65.0
20 315 180 −56.0 −60.0 −65.0
20 315 225 −44.0 −44.7 −52.0
20 315 270 −53.0 −49.0 −57.0
20 315 315 −62.3 −57.5 −64.5
30 0 0 −64.4 −63.9 −67.6
30 0 45 −58.2 −60.0 −69.0
30 0 90 −75.6 −67.1 −70.0
30 0 135 −64.4 −61.4 −94.3
30 0 180 −50.0 −49.6 −55.0
30 0 225 −55.0 −55.0 −66.3
30 0 270 −53.1 −54.8 −67.6
30 0 315 −55.0 −54.0 −57.1
30 45 0 −55.0 −55.9 −61.2
30 45 45 −65.0 −61.3 −70.1
30 45 90 −65.4 −64.9 −73.0
30 45 135 −59.3 −58.0 −71.0
30 45 180 −49.0 −48.0 −55.0
30 45 225 −50.7 −51.0 −60.0




Radius (cm) Orient. (°) Azim. (°) Ch. 37 Ch. 38 Ch. 39
30 45 270 −62.6 −61.2 −69.2
30 45 315 −56.0 −60.0 −68.0
30 90 0 −63.1 −66.3 −77.4
30 90 45 −57.0 −60.0 −69.0
30 90 90 −69.4 −60.0 −67.1
30 90 135 −58.0 −65.0 −73.0
30 90 180 −55.1 −54.0 −62.8
30 90 225 −51.1 −51.0 −59.2
30 90 270 −65.5 −69.2 −99.5
30 90 315 −59.4 −56.0 −66.0
30 135 0 −60.7 −56.0 −64.7
30 135 45 −61.3 −61.5 −71.0
30 135 90 −71.0 −66.9 −67.0
30 135 135 −81.1 −66.0 −69.8
30 135 180 −53.0 −55.0 −65.0
30 135 225 −69.1 −73.0 −75.1
30 135 270 −59.9 −61.6 −71.4
30 135 315 −64.2 −66.6 −75.8
30 180 0 −62.5 −65.0 −66.5
30 180 45 −67.3 −67.8 −66.4
30 180 90 −58.0 −59.0 −67.3
30 180 135 −54.0 −55.0 −59.2
30 180 180 −67.0 −64.8 −74.2
30 180 225 −61.8 −65.5 −72.2
30 180 270 −80.0 −62.5 −68.8
30 180 315 −67.6 −70.9 −68.2
30 225 0 −56.9 −55.1 −65.0
30 225 45 −58.0 −57.0 −63.2
30 225 90 −64.9 −67.9 −66.6
30 225 135 −58.0 −65.0 −71.0
30 225 180 −54.2 −54.2 −62.8
30 225 225 −55.0 −52.0 −61.8
30 225 270 −59.0 −60.6 −71.7
30 225 315 −77.0 −65.0 −71.0
30 270 0 −65.0 −60.0 −70.9
30 270 45 −52.0 −52.0 −60.0
30 270 90 −65.0 −65.1 −70.1
30 270 135 −57.0 −57.3 −64.8
30 270 180 −64.2 −61.0 −73.0
30 270 225 −55.2 −51.0 −62.2
30 270 270 −67.0 −57.1 −67.0
30 270 315 −69.2 −66.6 −79.8
30 315 0 −55.6 −61.9 −67.0
30 315 45 −60.1 −64.5 −76.3
30 315 90 −60.0 −64.3 −67.0
30 315 135 −60.0 −62.5 −69.0
30 315 180 −52.1 −52.0 −58.1
30 315 225 −48.0 −47.0 −58.0
30 315 270 −61.1 −57.0 −67.0
30 315 315 −64.6 −60.4 −67.0
40 0 0 −79.0 −71.1 −81.7
40 0 45 −58.1 −63.0 −71.3




Radius (cm) Orient. (°) Azim. (°) Ch. 37 Ch. 38 Ch. 39
40 0 90 −69.2 −69.0 −80.3
40 0 135 −55.0 −61.5 −68.6
40 0 180 −51.7 −51.0 −57.0
40 0 225 −60.0 −58.6 −65.0
40 0 270 −60.0 −60.0 −70.6
40 0 315 −60.0 −64.8 −66.5
40 45 0 −57.3 −62.5 −68.5
40 45 45 −80.6 −67.3 −73.9
40 45 90 −64.0 −67.0 −80.1
40 45 135 −59.0 −60.0 −67.0
40 45 180 −50.0 −51.0 −57.0
40 45 225 −58.0 −58.0 −65.0
40 45 270 −66.0 −61.0 −73.0
40 45 315 −65.0 −64.8 −67.0
40 90 0 −66.3 −69.3 −84.4
40 90 45 −60.1 −64.0 −79.3
40 90 90 −69.0 −70.0 −72.5
40 90 135 −58.0 −67.3 −71.5
40 90 180 −57.0 −55.0 −65.0
40 90 225 −52.0 −53.3 −59.0
40 90 270 −73.5 −95.0 −74.5
40 90 315 −69.0 −61.2 −69.5
40 135 0 −59.1 −59.2 −66.3
40 135 45 −71.8 −69.0 −77.9
40 135 90 −67.1 −67.5 −75.2
40 135 135 −65.9 −67.0 −75.3
40 135 180 −55.0 −55.0 −62.0
40 135 225 −66.0 −60.0 −70.6
40 135 270 −60.1 −61.0 −65.0
40 135 315 −77.1 −82.3 −73.0
40 180 0 −63.2 −61.6 −63.7
40 180 45 −60.7 −58.3 −66.1
40 180 90 −66.4 −61.2 −68.3
40 180 135 −58.8 −56.1 −65.0
40 180 180 −61.9 −62.3 −71.0
40 180 225 −64.5 −66.4 −71.0
40 180 270 −66.2 −62.0 −73.0
40 180 315 −62.9 −65.1 −68.1
40 225 0 −56.0 −57.1 −62.0
40 225 45 −60.0 −56.1 −62.3
40 225 90 −76.3 −65.0 −72.0
40 225 135 −56.5 −58.9 −65.0
40 225 180 −58.0 −60.4 −67.0
40 225 225 −66.0 −59.0 −69.0
40 225 270 −58.1 −64.7 −67.0
40 225 315 −67.8 −67.0 −73.1
40 270 0 −62.5 −62.4 −69.0
40 270 45 −53.0 −54.0 −60.0
40 270 90 −78.3 −72.8 −76.6
40 270 135 −59.0 −63.6 −71.9
40 270 180 −69.7 −70.8 −68.0
40 270 225 −55.7 −55.4 −64.9




Radius (cm) Orient. (°) Azim. (°) Ch. 37 Ch. 38 Ch. 39
40 270 270 −73.4 −67.6 −76.2
40 270 315 −64.0 −76.9 −76.1
40 315 0 −58.1 −65.0 −67.3
40 315 45 −63.0 −64.0 −69.0
40 315 90 −63.4 −65.9 −68.2
40 315 135 −60.7 −57.0 −67.2
40 315 180 −51.0 −53.9 −61.0
40 315 225 −54.0 −52.0 −63.0
40 315 270 −58.2 −62.0 −68.2
40 315 315 −70.1 −67.9 −72.6
50 0 0 −69.1 −74.9 −71.8
50 0 45 −61.2 −67.5 −74.6
50 0 90 −83.2 −64.5 −71.0
50 0 135 −59.0 −56.4 −66.0
50 0 180 −53.0 −53.0 −60.0
50 0 225 −61.9 −65.3 −67.0
50 0 270 −75.0 −67.7 −78.9
50 0 315 −63.1 −65.2 −68.1
50 45 0 −62.8 −67.0 −69.7
50 45 45 −71.0 −68.7 −73.2
50 45 90 −65.0 −83.0 −84.8
50 45 135 −64.6 −57.0 −68.9
50 45 180 −56.0 −54.0 −63.9
50 45 225 −57.5 −59.0 −65.0
50 45 270 −58.8 −65.6 −70.9
50 45 315 −75.1 −61.3 −71.6
50 90 0 −69.2 −65.5 −86.7
50 90 45 −65.8 −75.7 −93.7
50 90 90 −101.0 −66.2 −80.1
50 90 135 −62.5 −65.3 −69.5
50 90 180 −63.9 −57.4 −65.0
50 90 225 −55.0 −52.8 −62.0
50 90 270 −67.0 −69.0 −69.0
50 90 315 −64.1 −73.3 −70.1
50 135 0 −62.4 −57.3 −69.4
50 135 45 −72.3 −71.4 −87.7
50 135 90 −73.1 −76.0 −72.9
50 135 135 −64.0 −65.0 −69.0
50 135 180 −58.0 −60.0 −65.0
50 135 225 −58.7 −56.1 −64.5
50 135 270 −65.0 −57.0 −66.7
50 135 315 −65.0 −65.0 −71.4
50 180 0 −59.0 −57.0 −68.7
50 180 45 −58.0 −55.0 −66.6
50 180 90 −67.0 −65.1 −69.9
50 180 135 −60.9 −63.9 −68.3
50 180 180 −60.4 −59.4 −65.0
50 180 225 −63.3 −67.1 −71.0
50 180 270 −60.8 −60.4 −69.0
50 180 315 −65.0 −57.3 −68.0
50 225 0 −60.0 −56.6 −67.4
50 225 45 −57.0 −55.0 −66.4




Radius (cm) Orient. (°) Azim. (°) Ch. 37 Ch. 38 Ch. 39
50 225 90 −64.1 −60.6 −75.1
50 225 135 −59.1 −64.0 −70.5
50 225 180 −56.0 −59.1 −66.0
50 225 225 −72.0 −68.8 −70.4
50 225 270 −62.0 −69.0 −78.5
50 225 315 −69.0 −65.0 −73.0
50 270 0 −73.2 −62.0 −69.0
50 270 45 −55.0 −54.0 −63.3
50 270 90 −72.1 −67.7 −98.1
50 270 135 −60.2 −65.0 −69.0
50 270 180 −59.0 −61.7 −67.0
50 270 225 −65.0 −56.1 −71.0
50 270 270 −74.2 −69.9 −84.6
50 270 315 −67.0 −77.0 −73.0
50 315 0 −64.9 −68.5 −69.0
50 315 45 −77.0 −64.9 −69.0
50 315 90 −66.3 −65.2 −68.5
50 315 135 −60.0 −63.0 −69.0
50 315 180 −55.0 −55.0 −60.1
50 315 225 −58.0 −57.0 −68.9
50 315 270 −65.4 −65.1 −70.0
50 315 315 −88.6 −69.2 −87.7
45
